Abstract-This paper studies energy management in a Microgrid (MG) with solar generation, Battery Energy Management System (BESS) and gridable (V2G) Electric Vehicles (EVs). A two-stage stochastic optimization method is proposed to capture the intermittent solar generation and random EV user behaviors. It is subsequently formulated as a Mixed Integer Linear Programming (MILP) problem. To evaluate the proposed method, real solar generation, loads, BESS and EV data is used in Sample Average Approximation (SAA). Computational results show the correctness of the proposed method as well as steady and tightly bounded optimality gap. Comparisons demonstrate that the proposed stochastic method outperforms its deterministic counterpart at the expense of higher computational cost. It is also observed that moderate number of EVs helps to reduce the overall operational cost of the MG, which sheds light on future EV integration to the smart grid.
NOMENCLATURE

A. Sets and Indices H ∈ Z
Horizon of a day s ∈ Z Scenario index τ ∈ R Duration of the timeslot ζ, ν ∈ R 
I. INTRODUCTION
Future power grid will incorporate an increasing number of renewable generation, dispatch units and storage devices, switching from traditional bulk generation and dump consumptions to distributed and regulated counterparts. With continuous increase in Electric Vehicles (EVs) and solar penetrations for more than a decade [1] , [2] , unregulated EV charging together with intermittent solar generation are posing additional challenges on supply-demand balancing to power grids, which raises significant concerns for utilities and aggregators.
Combined with fluctuations in renewable generation, EVs' randomness in arrival/departure time, State-of-Charge (SoC) and power demands, have added up to introduce larger uncertainties to the grid. The emergence of EVs with Vehicleto-Grid (V2G) capability has restructured EVs' role from heavy loads to small-sized distributed virtue generators [3] - [5] . Hence, energy management of a grid-connected Microgrid (MG) with renewable generation and EVs needs to be examined in details.
Researchers have been vigorously studying EMS for households, commercial buildings and MG over the past a few years [6] - [15] . Erdinc et al. studied a Home Energy Management System (HEMS) for Demand Side Management (DSM) on a household with one EV and solar generation. A Mixed Integer Linear Programming (MILP) optimization is formulated to achieve minimum operation cost in [6] . Reference [7] analyzed HEMS under dynamic energy price for cost reduction. Shi et al. studied the optimal energy management in MG with a distributed optimization method [8] , [9] . These researchers assumed perfect knowledge of uncertainty and used deterministic methods, leaving loads, EVs and renewable generation's stochastic nature neglected.
Malysz et al. considered uncertainties in loads and solar generation of a MG, and formulized the optimal control of a MG as a robust MILP problem [10] . Bai et al. proposed a robust optimization method for large scale V2G taking into account EV power uncertainties [11] . Zhang et al. proposed distributed robust optimization algorithms for EMS with intermittent renewable generation in a MG [12] . These methods included the uncertainties in the systems by considering the worst case of the uncertainty sets, which may be conservative and results in high operational cost.
In [13] - [15] , the wind generation uncertainties were modeled in a MG with probabilistic constrained stochastic programming. Expected cost minimizations were achieved with constraints of utilizing certain percentage of wind generation to meet minimum renewable energy utilization regulations. These papers considered the load and renewable uncertainties in the power grid, and addressed the stochastic behavior with uncertainty-aware optimizations. However, these researchers did not consider how the randomness of EV's energy demands, arrival/departure time would interact with the intermittent renewable generation, which if managed improperly, will increase the burden of a MG.
This paper studies energy management in a grid-connected MG with solar generation, building loads, Battery Energy Storage System (BESS) and EVs in a distribution system. We consider a comprehensive price model, targeting at maintaining a low operation cost while utilizing solar and EV storage as much as possible. We take into consideration the stochastic behaviors of solar generation, building loads and EVs with two-stage stochastic programming. The problem is formulated into a MILP problem and solved with Sample Average Approximation (SAA) Monte Carlo simulation. The contribution of the paper is three-fold: first, to the best of authors' knowledge, this is the first time stationary storages (BESS), mobile storages (EVs) and renewable generation are jointly studied in a MG with a consideration of their stochastic nature. Second, the studied grid-connected MG is a common scenario in a distribution system and we use real collected data to evaluate the performance of the proposed method. Third, extensive analysis is made on the performance of the method. Two interesting observations are made: (1) the proposed stochastic optimization method outperforms its deterministic counterpart by 5.5 percent in expectation at the cost of higher computational time; (2) Increase of EVs in the MG helps to cut down the operation cost at first after which the cost starts to increase.
The remainder of the paper is organized as follows: Section II describes the modelling of the system and SAA Monte Carlo simulation. Section III presents and analyzes numerical results. It is followed by conclusions in Section IV.
II. METHODOLOGY A. System Model and Cost Function
In this paper, we study a typical grid-connected MG with multiple EVs, a BESS, solar generation, and building loads in a distribution system. We considers a comprehensive pricing model with day-ahead transaction, demand cost and penalty cost. The MG needs to provide day-ahead energy purchase/sell decisions before the start of next day. Besides, the MG is charged for maximum power consumption in a day as demand charge, which is a common policy utilities take to limit the peak demands [16] . The day-ahead buy and sell transactions are based on the best estimations of the energy consumption for the next day. However, a mismatch always exists between the day-ahead predicted energy demand and the real-time consumption. The mismatch is compensated with a penalty. The model we use in this paper is the slotted model, assuming nothing changes between decision intervals. We assume that the price is perfectly known, and the size of the generation and consumption of the MG does not change the price. Furthermore, we are optimizing the EMS in a MG from the MG operator's point of view.
Given that uncertainties exist in renewable generation, loads, EV availability and energy demand, the cost minimization problem is formulated into a two-stage stochastic programming as follows:
The operation cost includes day-ahead buying and selling cost, demand cost and penalty cost. The cost function is a minimization over an expectation with uncertainty sets ζ, ξ, δ and ν. The two-stage stochastic problem in (1) is called a true problem and it is generally hard to solve analytically. However, using SAA [17] , the objective function can be approximated as:
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B. Grid, BESS and EV Modelling
At any time instance of the slotted model, the power flowing into the MG should be always equal to the power flowing out the MG:
3) It must be noted that p P can be either positive or negative, indicating the power mismatch between day-ahead bidding power and real consumption. p D is bounded by minimum and maximum values in (4) . At the same time, we restrict the changing rate of p D in (5) so that it becomes well-behaved and more predictable to utilities. The randomness of solar generation and loads are also included in the scenarios of (3).
The modelling of BESS includes power, energy and state constrains as follows: 
Equation (6) and (7) limit the maximum charging and discharging power for BESS. Motivated by [10] , (8)- (11) models that BESS cannot consecutively operating in high power charging/discharging regions for more than one timeslot. Taking into consideration that deep discharge will affect the battery life [18] , (12) limits the maximum and minimum BESS SoC during operation. Equation (13) ensures that the final SoC of the BESS after a day's operation will converge to a given value. The modelling of EV has to consider the uncertainties in demand, arrival time, and departure time, the model is presented as follows:
Charging and discharging power of EVs are subject to constraints of (14) and (15) . Note that no matter charging or discharging, EVs require minimum amperes of current, see [19] for details. Integer variables are introduced to model the discontinuous power output of EVs. The random user arrival and departure time are reflected in (16) by the binary decision variable σ E,i c,s . Equation (17) ensures the EV batteries are operating in healthy regions and do not violate physical limitations. Equation (18) addresses the stochastic EV energy demands.
C. SAA Monte Carlo Simulation
The true problem of two-stage stochastic programming, (1) in this paper, is generally hard to solve analytically. SAA Monte Carlo simulation is introduced SAA is introduced for getting numerical answers to the true problem. It has been shown in [20] that a two-stage stochastic programming with second-stage integer variables can be exponentially approximated by SAA as scenario size N increases. After we solve the SAA problem, we need to examine how closely the SAA optimum approximates that of the true problem. We follow the methods in [20] to find out the upper and lower bounds. The algorithm is tabulated in Algorithm 1. Typically, N N
III. COMPUTATIONAL RESULTS AND ANALYSIS
A. Scenarios Generation
To evaluate the performance of the proposed method, scenarios are generated with real data. We use solar power data collected from the UCLA microgrid with 35kW of solar generation, and loads data from [21] . The solar power data is classified into sunny and cloudy groups based on the weather conditions. On loads side, weekdays and weekends patterns are distinct so that they are classified into two groups. Solar generation and loads behave differently between groups while showing similarity within each group. Before scenarios generation, we pick corresponding solar generation and loads data from historical data based on the forecast/knowledge of the next day. Three anonymous EV users from UCLA charging networks are studied for EV scenario generation. They drive Mistubishi MiEV, Nissan Leaf and Nissan Leaf respectively, all with CHAdeMO port for V2G [19] , [22] . They are UCLA employees and come on campus on a daily basis during weekdays, so that the possible variation of EV number is not considered in the case studied in this paper. Note that the data is collected from the UCLA charging facilities, and it reflects the arrival, departure, and real user energy demands. These users typically finish their charging before departure, thus available for the V2G study in the proposed method. The distribution of the real data is captured with kernel density estimations [23] . The day-ahead price used in this paper is 5-30 cents depending on the peak/off-peak hours, and the penalty price is 50 cents. The three real and modeled anonymous EV user behavior distributions are shown in Fig.  1 . The problem is solved with the commercial solver Gurobi [24] on a PC with 3.1GHz CPU and 16 GB RAM.
B. Results Analysis
The proposed method is first simulated with different scenario size to estimate the optimality gap using Algorithm I. In our simulation, K is chosen to be 10 and simulation results are summarized in Table I . It can be seen that with scenario size 30/300, the optimality gap becomes stable. The proposed method is reasonably tightly bounded and its computational time increases rapidly as scenario size increases. Fig. 2(a) and Fig. 2(b) respectively shows the power profile of the MG and EV profiles in a day (scenario). It is observed that p D is shaved, and BESS does not work consecutively in high power discharging region. Furthermore, EVs arrival time, departure time and energy demands are presented in Fig. 2 (b) . The three EVs leave with fully charged batteries and during the day the SoCs are bounded in desired regions. The example scenario demonstrates the correctness of the proposed method. Apart from the optimality gap study, it is also interesting to examine how the proposed stochastic method performs when compared with its deterministic counterpart. Table II summarizes the comparison results. The deterministic case uses averaged values for all the uncertainty sets of cost function and constraints. It is observed that with the level of randomness of the real data, the proposed stochastic method outperforms its deterministic counterpart by 5.5 percent in expectation at the cost of higher computational time.
Furthermore, we study the impact of the change in the number of EVs on the cost function. We duplicate the three EV profiles and create identically independent scenarios from 0 EV to 15 EVs. The computational results are presented in Fig. 3 . Surprisingly, the overall operational cost first goes down with increasing number of EVs after which the operation cost increases again. The relaxed P D max and P D step have small impacts on the operational cost however they follow the same trend. With small number of EVs, they first help MG to shave peak demands. As EV number continues to increase, the peak shaving cost reduction cannot compensate for the additional EV energy demands and therefore the cost rebounds. IV. CONCLUSIONS This paper studies energy management in a grid-connected MG with solar generation, building loads, BESS and EVs. We propose a two-stage stochastic optimization method to jointly address the uncertainties in solar generation, loads and EV profiles. A comprehensive cost function is considered and the problem is formulated as a MILP problem. To evaluate the proposed method, we use real data for SAA Monte Carlo simulation. Computational results show the correctness of the proposed method. The optimum is also tightly bounded within 1 percent optimality gap. The proposed method is subsequently compared with its deterministic counterpart. It achieves a 5.5 percent lower cost in expectation at the expense of longer computational time. Finally, studies are carried out on EV's impact on the overall operational cost. It is observed that with the current level of solar generation, loads, and BESS, moderate increase of number of EVs helps to reduce the operational cost, which sheds light on future EV integration to the grid. Future study will include more EV users, and stochastic modelling in EV numbers.
